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Abstract

Compound drought and heatwave (CDHW) events have garnered much attention in recent
studies. However, thus far, the identification of such events is oversimplified and their
association with natural climate variability is not fully explored. Here, we derive anomalies in
the weekly self-calibrated Palmer Drought Severity Index (sc_PDSI) and daily maximum
temperatures to identify CDHW events from 1982 to 2016 over 26 climate regions across the
globe. Using a Poisson Generalized Linear Model (GLM), we analyze yearly occurrences of
seasonal CDHW events and their association with the warm and cold phases of EI Nino Southern
Oscillation (ENSO), Pacific Decadal Oscillation (PDO), and North Atlantic Oscillation (NAO).
ENSO exhibits robust association with CDHW events over the Southern Hemisphere during the
austral summer and fall, while PDO influences their occurrences over the Western North
America in the Northern Hemisphere during the boreal summer, which is supported by the
composites of anomalies in the atmospheric circulations and surface energy budget. However,
NAO association with CDHW events is relatively weak. The CDHW occurrence over other
regions is driven by a combination of these large-scale natural forcing. Our analyses also
highlight that the co-occurrence of weekly to sub-monthly scale anomalies in the observed
temperature and precipitation may not be always aligned between the observations and the
reanalysis. Therefore, caution must be exercised while explaining such observed anomalies on
the basis of reanalysis-based circulations and surface energy budget. Overall, our analyses
provide a new insight towards concurrent extremes and should help foster research efforts in this

area.
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Plain Language Summary

The co-occurrence of drought and heatwave events has increased considerably during the last
few decades over many regions of the globe. Therefore, it is imperative to develop an
understanding of the factors that influence their regional occurrences. In this study, using a
Poisson Generalized Linear Model framework, we identify major regional drivers that are
associated with the occurrences of compound drought and heatwave events. Our results show
that seasonal occurrences of these compound extremes over many regions in the Southern
Hemisphere is associated with the positive phase of ENSO while negative phase of PDO
influences their occurrences in the Western North America. Such occurrences in other regions
exhibit influence of more than one mode of natural variability. The associations of ENSO and
PDO with compound drought and heatwave events can be explained in terms of atmospheric

circulations and surface energy budget anomalies.
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1. INTRODUCTION

Recent decades have witnessed a notable increase in the concurrence of severe drought
and heatwave events in many regions across the globe (Betts et al., 1996; Hao et al., 2013;
Mazdiyasni & AghaKouchak, 2015; Seneviratne et al., 2010; Whan et al., 2015; Zscheischler et
al., 2018). Such a spatiotemporal coexistence of these extremes is commonly known as a
“compound events” (Leonard et al., 2014), which has major implications for social-ecological
systems such, as a reduction in crop yields (Ciais et al., 2005; Feng et al., 2019; V. Mishra et al.,
2020; Wegren, 2011; Zampieri et al., 2017), an increase in wildfires (Yoon et al., 2015)
enhanced tree mortality (Allen et al., 2010), and an exacerbation of human health hazards
(Poumadeére et al., 2005).

The occurrence of compound drought and heatwave (hereafter CDHW) events may be
triggered by a variety of mechanisms ranging from local land-atmospheric feedback loops
(Miralles et al., 2019; Santanello et al., 2017) to persistent large-scale ocean-atmosphere
circulations anomalies (Hao et al., 2018; Seneviratne et al., 2012). The geographical regions
under the influence of such extremes are characterized by prolonged clear skies and a lack of
moisture in the lower atmosphere. The deficit in moisture results in the cessation of evaporative
cooling, thereby limiting the latent heat fluxes over the land surface (Berg et al., 2014).
Subsequently, any further increase in diabatic heating in the region goes directly into increasing
sensible heat fluxes and hence exacerbating pre-existing hot and dry conditions (Stéfanon et al.,
2014). These anomalies in surface energy budget are often associated with atmospheric blocking
and persistent lower-level divergent wind anomalies, which inhibit moisture convergence and
lead to prolonged drier surface conditions, provides ample time for a heatwave to develop and

intensify over the region (Dong et al., 2018). Many large-scale climate variabilities, including
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the El Nifio Southern Oscillation (ENSO) (McPhaden et al., 2006), Pacific Decadal Oscillation
(PDO) (Newman et al., 2016), and North Atlantic Oscillation (NAO) (Hurrell et al., 2001), are
known to have a role in the formation of such high-pressure regimes or stationary blocking
zones. Therefore, local-scale climate variability alone may not be able to effectively explain the
occurrence of such events (Pepler et al., 2018).

It is shown that large-scale climate oscillations, such as ENSO, play a significant role in
the summertime occurrences of compound dry and hot events in tropical regions, particularly
over Northern South America, Central and Southern Africa, Southeastern Asia, and Australia
(Hao et al., 2018). In addition, a few regional studies have investigated the relationship between
compound dry and hot events and the ocean-atmosphere circulation anomalies (Wu et al., 2019)
with an aim to develop statistical models for improvement in the predictability of such events
(Hao et al., 2019; Hao, Hao, Singh, Xia, et al., 2018; A. K. Mishra & Singh, 2011). However, the
calculation of drought (or dryness) index in these previous studies is either based on the monthly
precipitation anomalies or on the Standardized Precipitation Index (SPI) (McKee et al., 1993). It
is well established that drought quantification using only precipitation while ignoring the impact
of temperature may lead to an underestimation of drying (Dai & Zhao, 2017; Mukherjee et al.,
2018). Therefore, the use of only precipitation-based indices has the potential to induce
considerable methodological uncertainties, which may lead to unreliable estimates of CDHW
characteristics. Furthermore, understanding the soil water properties during a hydrological cycle
is relevant to the current physical understanding (of feedback processes) of the occurrence of
CDHW events over a region (Hao et al., 2018; Mishra & Singh, 2010). Therefore, the use of
energy budget methods, which consider soil water as a variable in addition to precipitation and

temperature in the identification of CDHW events can be more meaningful in the analysis of
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such compound occurrences. In addition, drought and heatwave events are interconnected due to
the role of temperature as a common factor in triggering such events. While one of the earlier
studies incorporates soil moisture anomalies in the estimation of drying (Hao et al., 2018), it
makes use of monthly temperature anomalies in the estimation of CDHW characteristics,
potentially compromising the valuable sub-monthly information needed to accurately identify the
characteristics of heatwave events. The evaluation of CDHW at a monthly time scale may
provide unreliable results as the heatwave events evolve over a period of days to a week.
Therefore, in this study, we utilize an integrated temporal framework by incorporating droughts
at a weekly time scale, and the heatwaves at a daily timescale to investigate the occurrence of
CDHW events on a global scale.

While a plethora of drought indices are available in the scientific literature, the self-
calibrated Palmer Drought Severity Index (sc_PDSI) (Wells et al., 2004) incorporates most of
the hydroclimatic variables that exert critical controls on the drought characteristics (A. K.
Mishra & Singh, 2010; Mukherjee et al., 2018). Given the deficiencies in the earlier studies, we
make use of daily observations and an empirical methodology to estimate the frequency of
CDHW events for the entire globe. Therefore, our methodology utilizes the weekly self-
calibrated Palmer Drought Severity Index (scPDSI) (Wells et al., 2004) for drought, and daily-
scale heatwave events.

Our study focuses on each season (DJF, MAM, JJA, and SON) and on the 26 climate
regions of the globe (as shown in Figure S1), which are defined in the AR5-SREX (IPCC SREX
2012). Overall, this study aims at providing a mechanistic understanding of the association
between the seasonal occurrences of CDHW events and the major modes of climate variability

(ENSO, NAO, and PDO) across these climate regions. Here, we quantify such associations based
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on a grid-based Poisson Generalized Linear Model (GLM), popularly used to model count data
in climate science (Mallakpour & Villarini, 2016; Villarini et al., 2010; Walz et al., 2018). To
achieve this objective, we (a) first select the large-scale climate indices as potential drivers for
each climate region that influence the regional temperature and precipitation variability during
each season by applying a non-parametric partial correlation technique; then (b) later use them as
the explanatory variables to form candidate models that are subsequently applied to derive the
grid-based GLM focusing on each season, separately; and (c) finally focus on the mechanistic
understanding behind such associations by performing a composite analysis based on the
relevant atmospheric and surface energy variables. It is important to note that reanalysis datasets
are often used to provide mechanistic evidence supporting variations in the observations
(precipitation and temperature). However, daily to weekly scale variations, such as CHDW
events, in reanalysis may not align perfectly with the corresponding variations in the
observations, which may result in inconsistencies when observed variations are explained in
terms of anomalies in the reanalysis-based variables. Therefore, in our analyses, we make use of
precipitation and temperature both from reanalysis and observations to highlight the
inconsistencies that may arise due to this issue.

The paper is structured as follows. In Section. 2.1, we describe the datasets used in the
study. Section 2.2 describes the methodology applied in the computation of CDHW events. The
initial selection of potential drivers influencing the temporal variability of precipitation and
temperature and final best model selection based on Poisson GLM are explained in Section 2.3.
Section 3 provides results and discussion, followed by conclusion in Section 4.

2. METHODS

2.1. Datasets
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For this study, we select 1982 to 2016 as the analysis period. A daily observed
precipitation dataset is obtained from the Global Precipitation Climatology Center (GPCC;

https://opendata.dwd.de/climate environment/GPCC/html/fulldata-

daily v2018 doi_download.html ) at 1° horizontal grid spacing (Schamm et al., 2015; Ziese et

al., 2018). We select GPCC precipitation because it is fairly consistent in capturing precipitation
patterns across different parts of the globe (Sun et al., 2018).

Available water content (AWC) is retrieved from the global database of texture derived
AWC (Webb et al., 2000), available at 1° horizontal grid spacing. When integrated with the
World Soil Data File (Zobler, 1986), the resulting dataset captures the soil properties relevant for
determining the water storage in the individual soil horizons and for explaining the soil-
atmosphere coupling in the lower atmosphere.

The daily observed maximum and minimum temperature (Tmax, and Tmin) data are
obtained from the Climate Prediction Center (CPC). The CPC global temperature data is
provided by the National Oceanic and Atmospheric Administration (NOAA) Earth System
Research Laboratory's Physical Sciences Division (PSD) (https://www.esrl.noaa.gov/psd/) at
0.5° horizontal grid spacing.

Monthly values of ENSO (Nino3.4), NAO, and PDO indices are retrieved from the

NOAA Climate Prediction Centre (NOAA CPC; http://www.cpc.ncep.noaa.gov/ ). For the

analysis of land-atmospheric dynamics, upper level (200 mb) zonal and meridional wind field,
surface latent heat flux (SHF), and surface sensible heat flux (SHF) are obtained from the
European Centre for Medium-Range Weather Forecasts Reanalysis 5 (ERADJ;

https://cds.climate.copernicus.eu/cdsapp#!/home). Additionally, we also make use of daily

precipitation, Tmax and Tmin data from the ERAGS to investigate data related inconsistencies. We
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apply the Synergraphic Mapping System (SYMAP), described in Maurer et al., 2002, to regrid

all dataset at 1° GPCC precipitation grid.

2.2. Frequency of CDHW Events

We define a CDHW event as a heatwave event occurring within the period of an extreme
drought event. In this study, at each grid point, a heatwave event corresponds to three or more
consecutive days with daily Tmax above a threshold (Guerreiro et al., 2018; S. E. Perkins et al.,
2012). We calculate unique threshold for each grid point as the 90" percentile of daily Tmax
using the extended summer seasons (May to October in the Northern Hemisphere, and
November to April in the Southern Hemisphere) of the study period. Drought conditions are
based on the weekly sc_PDSI following Wells et al., (2004), which considers weekly total
precipitation, weekly mean temperature (average of Tmax, and Tmin), and AWC in the energy-
budget framework. A week is considered under extreme drought if the sc_PDSI for that week
falls within the bottom ten percent of the sc_PDSI values (= extreme drought threshold) during
the study period.

A CDHW event occurs when daily Tmax during an extreme drought event exceeds the
90™ percentile threshold for three or more consecutive days. The time-series of CDHW events
thus obtained are stratified based on four different seasons (DJF, MAM, JJA, and SON).
Following the CHDW identifictaion criteria, Figure 1a depicts the time-series of the daily Tmax
and weekly sc_PDSI for the whole period of the study at a single grid point, and Figure 1b
illustrates three instances when a CDHW event takes place in 2012 JJA at the same location. The
yearly total number of participating days (frequency) in the CDHW events during a season is

considered as the yearly CDHW frequency (CDHWEF) for that season. The spatial distribution of
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212 Figure 1. (a) Time series of weekly sc_PDSI and daily Tmax based on the GPCC and CPC

213  dataset for the whole period of analysis, 1982 to 2016, for a single grid cell (longitude=-100.5,
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and latitude = 29.5 (in degrees)), and (b) CDHW events (enclosed within the shaded boxes) for
the same grid cell during JJA in the year 2012 (shaded region in (a)). The right y-axis represents
the sc_PDSI values and the left y-axis represents the Tmax.

2.3. Association between the large-scale climate variability and the occurrence of CDHW events

As previously described, we select three major large-scale natural climate forcing
(ENSO, PDO, and NAO) for this study. ENSO — an oscillation of the ocean-atmosphere system
in the tropical Pacific — is one of the most important modes of variability impacting global
precipitation and temperature on interannual timescales (Dittus et al., 2018; McPhaden et al.,
2006; Trenberth et al., 2002). We use the Nino3.4 index to define ENSO. Similarly, NAO is a
dominant mode of climate variability over the Northern Hemisphere that ranges from intra-
seasonal to multi-decadal time scales, and exerts influence on the variations in air temperature
and precipitation across Europe, the Mediterranean Basin, and parts of North America and Asia
especially during winter (Hurrell et al., 2001). Likewise, PDO is an annual pattern of monthly
sea surface temperature variability in the North Pacific region (Newman et al., 2016), which is
known to have a major influence on precipitation variability over North America and Asia.

Using a grid-based Poisson GLM, we quantify the association between these large scale
modes of natural climate variability on the inter-annual variability of CDHW events for each
season. We quantify such associations in two stages. First, a preliminary selection of the
potential large-scale drivers is made based on the regional climate characteristics (represented as
regional drivers (RDs), section 2.3.1.). Second, the selected RDs are used as guidelines to
identify final predictors for developing the Poisson GLM (section 2.3.2.). The entire
methodology employed in the selection of RDs and finally the GLMs for a specific climate

region is shown as a flow diagram in Figure 2. A similar technique undertaking the preliminary
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241  Figure 2 Flow diagram explaining the multi-stage exploration of model selection performed for
242  a specific climate region. “NA” indicates none of the drivers are selected for the region or for
243  any grid cell within the region.

244  2.3.1. Preliminary selection of potential large-scale drivers

245 The large-scale climate drivers are selected based on their potential influence on the
246  seasonal precipitation and temperature variability over different geographical regions by using

247  following steps:
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(a) First, using non-parametric spearman’s rank correlation, we identify possible RDs
that influence interannual precipitation and temperature variability at a seasonal time-scale.
Monthly precipitation, temperature, and three large-scale climate indices (Nino3.4, PDO, and
NAO) are seasonally averaged over the 1982 to 2016 period. Subsequently, correlations between
the yearly values of the indices and the meteorological variables are estimated for each season at
each grid point. In order to account for the inter-dependence of different climate modes (Meyers
et al., 2007; Sarah E. Perkins et al., 2015), we employ partial correlation technique (equation 8)
to isolate the influence of individual forcing,

r, —1I,r
_ xy ~ 'xz'yz (8)

Ja-r2)a-r;)

rxyz

where Iy, is the relative correlation between x (precipitation or temperature), and y (ENSO or
NAO or PDO) with the effect of z, either of the other indices are removed.

(b) Second, for each climate region, we estimate the percentage of grids where
correlations are statistically significant at 95% confidence level, irrespective of the sign of ryy,. If
the percentage of grids with significant correlation exceeds 10% of the climate region for either
of the two variables, the corresponding RDs are selected as potential forcing factors influencing
CDHW events in that region (as discussed in result, Section 3.1.).

2.3.2. Poisson Generalized Linear Model (GLM)

The selected RDs for a climate region are used as initial predictors in the Poisson GLM

with CDHW events as a predictand. The Poisson GLM is a special form of the generalized linear

model (Lindsey, 2000) that is very useful for modeling count data. A general approach is to

assume that a random variable N, follows a non-homogenous Poisson distribution with time-

varying rate A,, N, =Pois(4,), if N, takes on the values n = 0,1,2,.., with probability
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Here, N, represents the frequency of CDHW events (in days) at each grid during any

given season for year t and A, is the expected value of Poisson distribution that can be modeled

as a function of predictors under the GLM framework as following (McCullagh & Nelder, 1989):
k

log(2,) = S, + D, Bx (1), (10)
i=1

x(t) represents selected large-scale drivers, k is the number of predictors, and /3,

represents the coefficients for the respective predictors. In order to account for areal variations at

different latitudes, we modify Eqg. (10) as following:
k
log(4) = S, +Zﬁixi (t) + log(cos ¢). (11)

where ¢ is the latitude and logcos ¢ serves as an offset term with coefficient 1.

We obtain coefficients for the respective predictors in Eqg. (11) by maximizing the log-

likelihood function for the Poisson GLM defined as,
T

L= N,log -4 ~log(N,}), (12)
t=1

The maximized log-likelihood (L) provides an indirect measure of how well the model
fits the data. However, a positive bias in the estimates of L amplifies as the number of predictors
increase, resulting in overfitting of the model. Such a situation can be avoided by using Akaike
Information Criteria (AIC) that accounts for these biases and removes redundant predictors to
prevent overfitting. The initial predictors are subjected to a stepwise regression approach based
on the AIC estimated as,

AIC =2p-2InL (13)
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where p is the number of parameters in the model.

The Poisson GLM that has the smallest AIC value is considered as the best model for that
location. However, the AIC score does not provide any evidence about the absolute quality of the
model. Therefore, the chosen predictors of the best AIC model are further tested for statistical
significance based on the Wald test. Only predictors, significant at 95% confidence level, are
included in the final Poisson GLM to compute the regression coefficients at each grid location.

In order to determine the significance of relationship between the estimated regression
coefficients £, and the random variable N,, we test the null hypothesis that S =0 is true based
on the test statistic Z. In other words, we assume that the expectation of the fitted regression
coefficient ,@ is 0. Upon standardizing the regression coefficient of individual predictors, we

obtain the test statistic Z, which follows a normal distribution as following (Casella & Berger,

2002):

= (14)

The test statistic Z allows test against a two-sided alternative hypothesis that £ #0 at a
significance level of & =0.05 in which the critical value is the upper a/2 percentage point of the

standard normal distribution, Z_,. The regression coefficient is considered to be statistically

significant if | Z |>z,,,, thereby, rejecting the null hypothesis that 3 =0.

3. Results and Discussion
3.1. Potential regional drivers at seasonal scale
The spatial maps of seasonal partial correlations, corresponding to ENSO, PDO, and

NAO, are shown in Figures S5 to S7 for the observed precipitation and temperature and in
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Figures S12 to S14 for the reanalysis precipitation and temperature. These correlations become
the basis of our predictor selection in the Poisson GLM model. Correspondingly, the percent of
total grid points within each region where the correlations are statistically significant is shown as
bar plots in Figures S8 to S11 for observations, and in Figure S15 to S18 for reanalysis. The use
of 10% of the total grid points within a region as a minimum criterion for the selection of RDs as
predictor leads to a total seven combinations (Figure 2). The geographical distribution of these 7
RDs is shown in Figure 3.

If we consider similarities between the left column (observations) and the right column
(reanalysis) RDs, then precipitation and temperature variations are influenced by PDO and NAO
(RD6) over Northern Europe and Asia (Figure 3a-3b) in DJF, Eastern Asia and Sahara and
Central America in JJA, and Eastern America, Canada and Northern Europe in SON. Similarly,
ENSO exhibits a substantial footprint in the monsoon regions, including Southern South
America, Northern Australia and South Africa in DJF, and most of South America, South Asia
and Northern Australia in SON, consistent with the earlier finding (Wang et al., 2017). PDO
(RD2) also exhibits influence over many regions of Asia in SON while all of them (ENSO, PDO,
NAO; RD7) seem to have an influence over South Asia, Southeast Asia, Northern Australia and
Western Asia, which is consistent with previous findings (Rajagopalan et al., 2000; Sun et al.,
2016; Xiao et al., 2015). The interaction of PDO with NAO, and ENSO in influencing the
precipitation and temperature variability has been reported in the previous studies (Ding et al.,

2017; Knippertz et al., 2003).
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Figure 3 Regional Map showing combinations of potential regional drivers (RD1 to RD7; filled
circles) for the 26 AR5-Climate regions based on the GPCC and CPC (left panel), and the ERA5
(right panel). The list of large-scale climate variabilities corresponding to each of the selected

combinations of regional drivers (RD1 to RD7) is provided in Figure 2.
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The existence of several differences between the left and right columns in Figure 3
highlight the fact that the identification of regional drivers of precipitation and temperature
variability depends on the source of data. For instance, RDs based on observations show the
influence of PDO, and NAO (RD6) over Canada and Mediterranean in DJF (Figure 3a) while
use of ERAS reanalysis replaces PDO with ENSO (RD5) over Canada and only shows the
influence of NAO (RD3) over Mediterranean . Similarly, unlike observations, reanalysis doesn’t
exhibit influence of PDO over Western and Southern Africa in SON, and over Northern Asia in
MAM. Inconsistencies also exists in many other regions and seasons (Figure 3).

The best AIC models that are also statistically significant at the 5% significance level,
which are obtained by fitting the RDs (Figure 3) as explanatory variables in the Poisson GLM,
are presented geographically in Figure 4. It should be noted that the final models over a region
can be identical to the RDs, a subset of RDs or none, which is explained in Figure 2. For
instance, Northern Asia that has RD5 (ENSO and NAO) as the selected combination of regional
drivers (Figure 3e, 3f) in JJA shows M1 (ENSQO), M3 (NAO), and M5 (ENSO, NAO) as the best
fitted models (Figure 4e, 4f) after the application of the AIC and Wald tests. Similarly, Eastern
Asia that has RD2 (PDO) as the selected regional driver (Figure 3 g, h) in SON has no best fitted
model (Figure 4g, 4h) after the application of the AIC and Wald tests. Moreover, as previously
noted, choice of data source also influences the RDs and hence the final best fitted models
(Figure 4, left column versus right column). We identify such regions and hereafter highlight

them with a bold boundary.
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Figure 4 Spatial map of the best models (M1 to M7, filled circles) explaining the inter-annual
variability of CDHW events from 1982 to 2016 based on the GPCC and CPC (left panel) , and
the ERADS (right panel), which are identified by the Poisson GLM. The list of large-scale natural

climate forcing corresponding to each of the selected models (M1 to M7) is provided in Figure 2.
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The bold boundaries indicate regions exhibiting the influence of a single large-scale driver,
which is also consistent in both datasets.
3.2. Relationship between CDHW events and large-scale climate variability

The formulation of Poisson GLM indicates that the estimated coefficients can be
interpreted as a direct measure of sensitivities (Mallakpour & Villarini, 2016; Villarini et al.,
2010; Walz et al., 2018). In addition, the logarithmic function applied in the Poisson GLM is

useful to determine the relative importance of every selected large-scale driver, such that 1 unit
increase in the regression coefficient (£,) can lead to a exp(f +1) times impact on the

predictand. Thus, the higher magnitude of the regression coefficient corresponds to the higher
relative impact of the associated driver. Positive (negative) values of the regression coefficients
imply that the warm (cold) phase of the associated large-scale drivers has a positive (negative)
association with the CDHW events. In this section, we discuss the impacts of warm and cold
phases of the associated large-scale drivers across different climate regions of the globe.

3.2.1 EI-Nino Southern Oscillation (ENSO)

Figure 5 shows grid points with statistically significant Poisson GLM regression
coefficients corresponding to ENSO and CDHW events. Given the dependence of RDs and
resulting final models on the choice of data, we only focus on those regions where the results are
consistent between observations (left column) and reanalysis (right column). A significant
positive influence of the warm phase of ENSO (EI Nifio) exists in the Southern Hemisphere
during the austral summer months (DJF; Figure 5a) over the Amazon, Southern Africa and
Northern Australia, and during SON over the Southern Australia. Some of these associations are
consistent with earlier studies (Hao et. al., 2018; Hirons & Klingaman, 2015; Min et al., 2013).

The negative
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Figure 5 The statistically significant Poisson GLM regression coefficients for ENSO (Nino3.4)
based on the GPCC and CPC dataset (left column), and the ERA5 (right column), explaining the
interannual variability of CDHW events during (a, b) DJF, (c, d) MAM, (e, f) JJA, and (g, h)
SON. The bold boundaries indicate regions exhibiting the influence of a single large-scale driver,

which is also consistent in both datasets.
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phase of ENSO (La Nifia) exhibits a significant positive influence over parts of Asia in JJA and
over the parts of Central America and Western Africa in MAM. Central Europe also exhibits
positive influence of El Nifio in JJA. However, ENSO is not the only driver over these regions
during JJA. Unfortunately, several regions exhibit inconsistences between the observations and
reanalysis, including Southeast Asia during all the four seasons; Alaska, Eastern and Western
Africa, and parts of Southern South America in MAM; Canada, and West Asia in JJA, and East
Africa in SON.

3.2.2 Pacific Decadal Oscillation (PDO)

The Poisson GLM regression coefficients for PDO explaining the interannual variability of
CDHW events during all four seasons is presented in Figure 6. With the exception of JJA, all
other seasons exhibit inconsistency in the influence of PDO. In JJA, negative phase of PDO is
the sole driver over Western North America (highlighted by bold boundary in Figure 6) and is
one of the drivers over central North America, Sahara, Mediterranean, East Asia and Tibet. The
role of PDO in modulating the CDHW events over the eastern part of Asia has been previously
reported (Yu et al., 2018). Previous studies also suggest that the anomalies over the northeastern
and tropical Pacific have a significant impact on the occurrence of CDHW events in the
conterminous US (Duliere et al., 2013; Kamae et al., 2017; McCabe et al., 2004; Peterson et al.,

2013).
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Figure 6 Same as in Figure 5 but for PDO.
3.2.3 North Atlantic Oscillation (NAO)

Figure 7 presents the significant Poisson GLM regression coefficients for NAO during
the four seasons. The strength of regression coefficients is relatively weak in the case of NAO.

However, unlike ENSO and PDO, the results are generally independent of the data source. Both
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Figure 7 Same as in Figure 5 but for NAO.

datasets show NAO as the sole significant influencer over Northern Europe and Eastern North

America (highlighted by bold boundaries in Figure 7) in JJA. Apart from that, in combination

with other modes, role of NAO is seen in JJA over most of Asia, Europe, Northern Africa and
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Eastern North America. Similarly, negative phase of NAO exhibits more influence over Northern
Asia and West Africa while influence of the positive phase of NAO is limited to Northern
Europe and parts of Central Asia. Many earlier studies support the influence of NAO on the
occurrence of CDHW events over Europe (Cassou et al., 2005) Asia (Filippi et al., 2014) and

North America (Mahistein et al., 2012; Trouet et al., 2018).

3.3. Atmospheric anomalies associated with warm and cold phases

In order to understand atmospheric anomalies associated with the large-scale climate
drivers that lead to their regional associations with CHDW events, shown in Figures 5 to 7, we
analyze seasonal anomalies in upper-level (200 mb) velocity potential and divergent winds
during warm and cold phases of ENSO, PDO, and NAO. Dry and hot conditions are generally
associated with lower level divergence (or upper level convergence) anomalies in the atmosphere
(Seager et al., 2010; Trenberth et al., 2000). The seasonal analyses of divergent winds illustrate
the variations in the Walker and Hadley circulation across seasons (Figure S19). In DJF, upper-
level divergent wind centers are in the Southern Hemisphere over the western Pacific, the eastern
Indian Ocean and the Amazon, which correspond to lower-level monsoonal flow over these
regions. In JJA, divergent winds centers shift to the Northern Hemisphere over the Asian and
North American monsoon regions. Anomalies in divergent winds can occur due to sea surface
temperature anomalies in various oceanic basins (Ashfaq et al., 2011), which act as a remote
connection between natural modes of climate variability and climates over many terrestrial
regions.

It should be noted that those regions where more than one large-scale driver influences
the occurrence of CDHW events (Figure 3; RD4 to RD7), atmospheric anomalies based on the

warm and cold phases of a single driver may not be able to provide a mechanistic explanation of
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overlying dynamic causes. Therefore, our explanation of atmospheric anomalies is mostly
limited to those regions where a single driver is shown to have an influence (M1 to M3; bold

boundaries Figure 4 to 7) in the observations and reanalysis.
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Figure 8 EI Nino (left panel) and La Nina (right panel) based anomalies in divergent winds
vectors (m/s) and velocity potential (color shading, unit:m%s, scaled by 10° contours at 200 mb

with respect to the climatology during (a-b) DJF, (c-d) MAM, and (e-f) SON.
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Figure 8 illustrates seasonal anomaly in the velocity potential and upper-level divergent
winds for the EI Nifio (left panel) and La Nifia (right panel) in DJF, MAM, and SON. The robust
positive association between El Nifio and the CDHW events during DJF (Figure 5a, 5b) is
explained by the anomalous upper-level convergence over Amazon, Southern Africa, and
Australia (Figure 8a). Similarly, upper-level anomalous convergence is present over Australian
continent in SON during El Nifio, consistent with the positive association of El Nifio and the
CDHW events during that season (Figure 5g, 5h)). Given that upper-level convergence is an
indicator of lower-level divergence or clear weather conditions, these anomalies favor reduction
of moist flow particularly during the austral summer over these regions. Circulation anomalies in
JJA during El Nifio (La Nifia) are also consistent with its association with the JJA CDHW events
over Central Europe (Central Asia and parts of Northern Asia) (Figure S20). However, ENSO is
not the only driver over these regions.

Similarly, Figure 9 depicts the upper-level circulation anomalies during the warm and
cold phases of PDO and NAO in JJA. Western North America is the only region where PDO is
the sole driver associated with the occurrence of CDHW events in JJA (Figure 4). The sign of
regression coefficient suggests that it is the cold phase of PDO that exhibits positive correlation
with CDHW (Figure 6e, 6f). This association is consistent with anomalies in upper-level
divergent winds in JJA during the cold phase of PDO, which exhibit anomalous upper-level
convergence centered over the eastern Pacific. Moreover, the anomalies in upper-level divergent
winds over Central America explain the positive association of the CDHW (Figure 6b) events
with the cold phase of PDO in MAM (Figure S21). However, this association is not present in

the case of observations based CHDW events (Figure 6).
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As previously noted, magnitudes of regression coefficients are substantially weaker for

NAO compared to ENSO and PDO (Figure 5-7), which suggest relatively weak influence of

NAO in the occurrence of CDHW events. During JJA, when NAO influence is spatially more

visible (Figure 7e, 7f), upper-level circulation anomalies are relatively small (Figure 9c, 9d),

which are consistent with weak magnitudes of regression coefficients.
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Figure 9 Same as in Figure 8 but based on warm (left panel) and cold (right panel) phase of (a,

b) PDO, and (c, d) NAO During the JJA season.

It is also important to highlight that regions where a single large-scale driver only exists

in the observations-based analysis, reanalysis-based circulations anomalies do not support such

associations (Figures S21, S22). For instance, in SON, only in the analyses based on the

observed precipitation and temperature, PDO appears as the single large-scale driver (Figure 3g,
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3h) over Western and Southern Africa and positive phase of PDO exhibits association with
CDHW events (Figure 4g, 4h). However, anomalies in the reanalysis-based upper-level
circulations over Africa exhibit anomalous divergence, which correspond to lower-level
convergence or conditions opposite to the ones needed for CDHW events (Figure S21).
Likewise, parts of North America and Northern Europe in JJA exhibit NAO as the sole driver in
the analyses based on the GPCC and CPC datasets, but ERA5-based circulation anomalies do not
support such association of NAO with the occurrence of CDHW events over these regions.
These inconsistencies suggest that use of reanalysis to explain anomalies in the observations,

particularly those related with fine temporal variations, may not be a robust strategy.

3.4. Surface energy budget anomalies associated with the warm and cold phases

The role of land-atmospheric feedbacks in modulating the characteristics of CDHW
events is well recognized over many regions of the globe (Lee et al., 2016; Santanello et al.,
2017; Seneviratne et al., 2010; Zhou et al., 2019, 2019). Under dry and warm conditions, the
positive land-atmospheric feedback processes, which are also referred to as soil moisture-
temperature coupling, are one of the local-scale controlling factors governing surface energy
budget. Characterized by the cessation of cooling from evaporation under dry conditions, such
positive feedback loops lead to a decrease in the latent heat fluxes (LHF) and an increase in the
sensible heat fluxes (SHF). It is well established that natural climate forcing influence terrestrial
water availability, soil moisture deficits and evaporation rates through their controls on
precipitation generating mechanisms (Martens et al., 2018; Miralles, Berg, et al., 2014; Park et

al., 2012). These variations in the terrestrial water cycle directly impact the land-surface energy
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feedbacks and hence influence the occurrence of CDHW events (Miralles, Teuling, et al.,
2014).

We investigate the influence of ENSO, PDO, and NAO on these land-surface and
atmosphere feedbacks by analyzing seasonal anomalies in the SHF and LHF during the warm
and cold phases of ENSO, PDO, and NAO with respect to their seasonal climatology (Figure
S23). We use a two-sample Student’s t-test at a 5% significance level to test the significance of
anomalies (McDonald, 2009). For any given season, a positive (negative) anomaly in the SHF
and a corresponding negative (positive) anomaly in the LHF characterizes a positive land-surface
and atmospheric feedback. Thus, the results from the composite analysis are discussed hereafter
based on the positive feedback loops with an aim to provide a localized mechanistic explanation
behind the association between the large-scale climate forcing and the occurrence of CDHW events,
as shown earlier in Figures 5, 6, and 7. As noted earlier, the design of these analyses limits their
use only to those cases where a single natural climate forcing is consistently identified as the
regional driver in observations and reanalysis.

A significant simultaneous increase in the SHF and decrease in LHF is witnessed over the
parts of the Southern Hemisphere in DJF where El Nifio exhibits a positive association with the
occurrence of CDHW events (Figures 10a, S24) and where upper-level circulation anomalies
favor dry conditions on the surface (Figure 8a), such as over Southern Africa and western parts
of Northern Australia. Similarly, a significant increase in the SHF and decrease in the LHF is
present over major parts of Australia in SON (Figures 10e, S24) that exhibit a positive
association between El Nifio and CDHW, and upper-level circulation anomalies that favor
drying.

In case of the cold phase of PDO, a delayed effect of the positive land-atmospheric feedbacks

can be noticed over the Western North America during the JJA season (Figure 10d). Given that
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JJA is the dry season over the Western North America, the surface drying in JJA may be in part
influenced by the significant positive high SHF and negative LHF anomalies in the preceding
season (MAM; Figures 11b, 11d, S25), which is consistent with its positive association with the
CDHW events (Figure 6f). However, results are not very clear in the case of NAO over Eastern
North America and Northern Europe in JJA, where it is the only large-scale driver in both
datasets. This inconclusiveness in the case of NAO is because both phases of NAO appear to
have association with CDHW events over these regions in JJA, which is also relatively weak

(Figure 7e, 7).
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Overall, the anomalies in circulation patterns and surface energy fluxes can explain
influence of ENSO, NAO, and PDO in the occurrence of CDHW events when any one of them is
the only driver in both datasets (indicated by bold boundaries in Figure 5-7). Exceptions in the
case of NAO exist, which are understandable given its relatively weak, mixed and spatially
sparse relationship with CDHW events (Figure 7). Furthermore, as it is in the case of circulation
anomalies, reanalysis-based surface energy fluxes variations are inconsistent when association of
ENSO, NAO, and PDO with the CDHW events is only limited to the observations-based

analyses (Figure S27).

4. Summary and Conclusions

Using weekly sc_PDSI and daily Tmax, we estimate the yearly frequency of CDHW
events for four seasons from 1982 to 2016 period over the 26 AR5 climate regions of the globe.
Moreover, an association between three major large-scale climate forcing (ENSO, PDO, and
NAOQO), and the yearly occurrences of CDHW events is investigated based on the regression
coefficients estimated using Poisson GLM for each season. Furthermore, we examine the
robustness of such associations by using precipitation and temperature from two sources
(observations and reanalysis).

Based on the estimates of Poisson regression coefficients, we find that the warm phase of
ENSO has a relatively more dominant and robust footprint, specifically over the Southern
Hemisphere. ENSO alone has a significant influence on the yearly occurrences of CDHW events
over Northern Australia in DJF and SON, over Southern Africa, Southern parts of South
America in DJF, and over Amazon in SON. These regions exhibit consistent associations of

CHDW events with ENSO in the observation and reanalysis, which are supported by the
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anomalies in the reanalysis-based circulations and surface energy fluxes during the respective
seasons. Similarly, the cold phase of PDO exhibits positive influence over Western North
America in JJA, which is associated with anomalous upper-level convergence and strong surface
drying in JJA and preceding season. Our results indicate a weak influence of NAO in the
occurrence of the CHDW events.

In this study, we have provided a preliminary mechanistic understanding regarding the
association between the major modes of natural climate variability and the occurrence of CDHW
events across the globe. However, there are a number of caveats in our methods and analyses that
require improvements in future studies. For instance, the frequency of CDHW events depends on
the choice of indices for heatwave and drought identification. The identification of heatwaves, in
particular, can vary if a different percentile threshold or consecutive days criteria is used.
Therefore, further research is needed for more robust definition of compound drought and
heatwave events. Similarly, this study only focuses on three modes of natural climate variability
and potentially ignores other large-scale forcing such as SST anomalies in the Indian Ocean
(Indian Ocean Dipole), Tropical North Atlantic and Equatorial Atlantic (Atlantic Nifio) that can
independently impact the occurrences of CDHW events or their co-occurrence with ENSO, PDO
and NAO can potentially enhance or dampen their impact (Chang et al., 2006; Saji & Yamagata,
2003). Moreover, our analysis also highlights that weekly to sub-monthly scale anomalies in
temperature and precipitation, which in some cases give rise to CHDW events, may not be
always aligned between the observations and reanalysis across the globe. Therefore, caution
must be exercised in the mechanistic explanation of observed anomalies in the precipitation and
temperature on the basis of anomalies in the reanalysis-based circulations and surface energy

budget. Nonetheless, our analysis provides a new insight into the mechanistic understanding
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towards concurrent extremes and should help foster research efforts in this area, especially in

improving the seasonal predictability of such extremes.
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Figure 3.
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Based on ERA5 dataset
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Figure 7.



Based on GPCC and CPC dataset
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Figure 10.
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Figure 11.
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